We examined three bioacoustical analysis methods for comparing complex sounds among different populations. We chose the D-syllable of the chick-a-dee call of the black-capped chickadee (Poecile atricapilla) because it is a broadband sound representative of a class of vocalizations, common in many animals, that resists simple subjective classification for comparative studies. We examined the properties of the D-syllable in field-recorded samples from three different populations. The first method of data extraction sampled the amplitude values of a spectrum obtained in a single fast Fourier transform (SFFT) taken at the midpoint of each D-syllable using multi-speech software. The second method employed spectrogram cross-correlation (SPCC) to obtain a matrix of similarity values between D-syllables in the samples using canary software. The third method calculated similarity values obtained from the evaluation of four acoustic features of the D-syllables derived from multi-taper spectral analysis (MTSA) using sound analysis software. Following data extraction by these three techniques, we used multivariate statistical procedures to reduce the data for examination of differences among populations and to represent in scatter-plots the patterns of clustering of the sounds. We found that the SFFT in the middle of the D-syllable provided the poorest population discrimination following statistical processing, the SPCC method produced the next clearest population separation, and the MTSA method resulted in the most distinct separation of the three populations of D-syllables. In carrying out these comparisons, we discovered that the characteristic environmental noise of a recording area can influence the signal properties of broadband sounds being compared by automated procedures, and could lead to faulty conclusions unless appropriate care is taken to mitigate the noise in which the signals of interest are embedded. Consequently we re-analyzed our data following noise reduction and found less discrete population separation overall. However, the methods of SPCC and MTSA retained the ability to separate populations, with MTSA providing the sharpest discrimination among groups.
Introduction
Geographic variation and dialects in avian vocal signals have been described for numerous species and stand as prima facie evidence of vocal learning (Kroodsma 1982; Kroodsma & Baylis 1982; Mundinger 1982) . In many of these species, population differences in signal structure are apparent to human listeners without instrumental aids (Barrington 1773; Promptoff 1930; Low 1944) or are evident from casual inspection of sound spectrograms (Baker & Thompson 1985; Lynch & Baker 1993) . More difficult cases can arise in which demonstration of population differences in vocal signals requires measurements of acoustic variables, often made directly on spectrograms, and subsequent statistical analysis (Payne 1978; Cunningham et al. 1987) . While measurement of acoustic variables on spectrograms has proven useful in numerous studies, practitioners of this approach accept the risk of ignoring features relevant to the study species. Some bird vocalizations present an even more serious level of difficulty for comparative studies by having a broadband acoustic structure with multiple frequency components of varying amplitudes and frequency modulations. Patterns of amplitude emphasis or suppression at different frequencies in broadband sounds appear to be under neuro-syringeal control in songbirds, and in some cases these patterns are demonstrably linked to communicatory function (Nowicki 1983; Williams et al. 1989; Cynx et al. 1990 ). Such sounds are common in some avian groups, as in the vocalizations of the parrot order Psittaciformes, or in the songs of some songbird species (e.g., estrildid finches). Complex broadband sounds are also found in the non-song calls of many passerine species as well as most mammal vocalizations.
These kinds of sounds present problems for detailed acoustic analyses and are usually intractable to analysis by visual inspection of spectrograms or simple measurements made on spectrograms. In comparison with the whistle-like sounds of many bird songs, sounds containing non-linear phenomena Fitch et al. 2002) or multiple frequency components, such as harmonic stacks or sounds resulting from bi-syringeal coupling (Nowicki & Capranica 1986a, b) , necessitate fine-scale measurements that are best performed on the digital representations of the sounds. Processing of acoustic signals by automated digital techniques has increasingly been used to address the problem of the characterization and quantification of the similarity of complex sounds (Nowicki & Nelson 1990; Wright 1996; Janik 1999; McCowan & Reiss 2001; . Such characterization and quantification is the essence of comparative studies of vocalizations whether the goal of such studies is aimed at vocal learning problems, cultural evolution, or population differentiation and dialect descriptions. Our overall approach to the problem of extracting quantitative data from complex sounds and deriving statistical geographic patterns was stimulated by the studies of Cortopassi & Bradbury (2000) and Bradbury et al. (2001) on broadband sounds of parrots.
Here we provide an analysis of an acoustic unit, known as the D-syllable, of the chick-a-dee call of the black-capped chickadee (Poecile atricipilla) using three different analysis procedures to compare population samples of this sound. The chick-a-dee call is well known for its recombinant properties (Hailman et al. 1985) wherein the individual syllables (designated A, B, C and D; Fig. 1 ) can be delivered in a great many combinations. The D-syllable has received special attention because of its flock-specific properties (Mammen & Nowicki 1981) , and because of the description of the complex syringeal mechanism by which the acoustic features of the D-syllable are produced (Nowicki & Capranica 1986a, b) .
Our first analysis method is roughly similar to that used previously in a demonstration of between-flock differences in D-syllables (Mammen & Nowicki 1981 ). This procedure is based upon the analysis of a fast Fourier transform (FFT) taken halfway between the onset and ending of the D-syllable. In this paper we refer to this single sample of amplitude data as the single FFT (SFFT) method.
The second method we use for comparing sounds involves an automated procedure known as spectrogram cross-correlation (SPCC; Clark et al. 1987) . In this method, two digitized spectrograms are compared in successive steps of overlap along the time axis, and a maximum correlation coefficient is obtained as a final measure of similarity. The canary program developed for the Macintosh platform (Charif et al. 1995 ; Cornell Laboratory of Ornithology, Ithaca, NY, USA) is commonly used for SPCC, but the signal system for PCs is also popular (Beeman 1994) .
The third, and most recently developed, procedure we use to compare D-syllables employs multi-taper spectral techniques by which a complex sound is reduced to well-defined acoustic features (Ho et al. 1998; Tchernichovski et al. 2000) . The acoustic features we employ in this study are Wiener entropy, spectral continuity, pitch, and frequency modulation. These features, described below, are compared across two sounds by examining small time-windows of each sound and calculating the similarity of the two sounds from the values of the features. We Fig. 1 : Chick-a-dee call of the black-capped chickadee illustrating the four kinds of syllables in a typical call. Syllables A, B, C and D are nearly always delivered in this sequence when all syllable types are present in a call. Any one or more syllable types may be omitted or delivered with differing number of repetitions in a particular call refer to the multi-taper spectral analysis procedure as MTSA. This newer software is known as sound analysis and operates on a PC platform (Tchernichovski et al. 2000; . Our three objectives were to: (i) determine if three different populations of chickadees arrayed along a corridor of continuous habitat show evidence of differentiation of the D-syllable, (ii) evaluate the ability of the three analysis methods to document this differentiation, and (iii) compare the ease of use and other strengths of the three methods. Each method of acoustic analysis provided quantitative information about the sounds that could be used for comparisons. With this information, we used sorting algorithms to provide statistical inferences about the differentiation of the three populations, and to produce twodimensional representations of their relationships in acoustic space.
Methods Population Samples
During the autumn of 2000, seven black-capped chickadees banded for individual identification were recorded in each of three populations designated LMP, ML, and ELC. The three populations are arrayed in a linear distribution along the riparian habitat corridor of the Cache La Poudre River in and near Fort Collins, Colorado. LMP is farthest upstream with ML located 3.6 km downstream from LMP and ELC located 4.8 km downstream from ML. Each subject was recorded upon release near a small tree or bush to which it flew and immediately uttered chick-a-dee calls. Recordings were made with a cassette recorder (Marantz PMD 201, frequency response 40 Hz-12 kHz, +/)3 dB; Saul Mineroff Electronics, Inc., Elmont, NY) attached to a microphone (Sennheiser ME-62; frequency response 20 Hz-20 kHz, +/)2.5 dB; Sennheiser Electronic, Wedemark, Germany) mounted in a 45-cm parabolic reflector. For each subject, the chick-a-dee call selected for digitizing had the greatest signal to noise ratio and was free of other bird sounds. Within each call, the second D-syllable of the set of D-syllables present in the call was selected as an isolated sound to be compared with the D-syllables of the other subjects.
Analysis of Signals

SFFT method
Analog to digital conversion was at a sampling rate of 44.1 kHz with 16-bit accuracy (Sound Blaster Live! TM ; Creative Labs, Inc., Milpitis, CA). Calls were high-pass filtered at 1 kHz to reduce low frequency noise. To compare the digitized sounds, we used the program multi-speech (Kay Elemetrics Corp., Lincoln Park, NJ) to produce and sample amplitude spectra. After placing the cursor on the temporal center of the second D-syllable, we performed an FFT at the cursor by choosing the FFT Power Spectrum function. The sampling window was set to 1024 points, Hamming weighting. This method yields a single 23-ms sample of amplitude data to represent each D-syllable. These syllables ranged in duration from 159 to 188 ms; therefore the FFT captured about 12-14% of the syllable.
As a consequence of the 1024 point FFT size, the frequency resolution was 43 Hz. Therefore, the result of the analysis was a list of amplitude values (in dB) every 43 Hz. To standardize for absolute amplitude, we found the sample of maximum amplitude and divided the amplitudes of all samples within the spectrum by this value. Thus, the maximum amplitude in each spectrum took the value of 1.0 while all other samples took values <1. This allowed us to process samples rapidly and thoroughly, and to account for variability in mean amplitude while retaining the fundamental methodology of the previous research (Mammen & Nowicki 1981) . With the sample of amplitude values across the frequency spectrum for every D-syllable, we thus obtained a matrix of 21 birds by their D-syllable amplitude values for statistical examination.
SPCC method
The second method of D-syllable analysis we employed was SPCC, for which we used canary software (Cornell Laboratory of Ornithology). Spectrograms were prepared with the following settings: frame length 512 points (11.5 ms, filter bandwidth 350 Hz), time grid resolution 2.9 ms with 75% overlap, Fourier transform size 1024 points, Hamming window, and the default clipping level of )80 dB. Correlations were carried out on normalized amplitude values. These settings provided good resolution of the characteristic multiple-frequency bands of the D-syllable and retained resolution of the frequency modulated onset and terminal portions of the syllable.
The SPCC method compares spectrograms of two sounds by crosscorrelating them frame-by-frame in the time-frequency domains. Thus, two entire D-syllables are compared as matrices (frequency · time) of amplitude measurements. To visualize the comparison, one can imagine a matrix of amplitude values incrementally overlapping with another along the time axis. Calculating a correlation coefficient at each increment of overlap, SPCC records a peak value where the two matrices are most similar. This maximum value of the coefficient (range 0-1) represents the best match obtained between the two sounds (Baker 1993; Wright 1996; Bradbury et al. 2001, for examples) . Batch processing in canary of the 21 sound files (D-syllables of all birds) provided a triangular matrix of similarity values for statistical analysis.
MTSA method
For the third method of measuring similarity among D-syllables, we used the ÔaccuracyÕ measure provided by sound analysis software (version 2, Tchernichovski et al. 2000 . MTSA evaluated four features of each D-syllable in time windows of 9.3 ms with 85% overlap between successive time windows. sound analysis obtains frequency contours from the spectral derivatives by the multi-taper techniques and extracts values of acoustic features from the sound. These feature values can be used for a between-sound measure of similarity.
We used four features in our analyses (Fig. 2) . First, Wiener entropy is a measure of the randomness of a sound and is not influenced by amplitude variations. White noise, for example, has a high value of entropy whereas a pure tone has a low entropy score. Secondly, spectral continuity is a measure of the degree to which the frequency contours are continuous over time. In a D-syllable, for example, the spectral continuity would be high when the frequency traces along the time axis of the contour display are unbroken, and low when the traces exhibit many discontinuities. Thirdly, pitch is the frequency (1/period), with short periods being high pitched and longer periods being low pitched. For harmonically structured sounds, the pitch is the fundamental frequency. Fourthly, frequency modulation (FM) is a measure of the slope of the frequency contour traces. Sharply ascending and/or descending contours have high FM value, but contours that remain relatively flat across time have low FM value.
This feature set was derived for sound analysis from an examination of the acoustical properties of a songbird syrinx Ho et al. 1998 ; see also Tchernichovski et al. 2000 for details) . From the values of these features for each time window, two sounds are compared frame-by-frame for a fine-scale measure of similarity (Tchernichovski et al. 2000 . As in SPCC, two whole D-syllables at a time are evaluated to obtain a measure of similarity.
Parameter settings for Wiener entropy, spectral continuity, pitch, and FM in sound analysis need to be scaled according to the statistical distributions of the features characteristic of the vocalizations under study before computation of similarity is conducted. This is accomplished by analyzing a sample of the vocalizations of different individuals of the target species and calculating estimates of central tendency and variation for each feature, which values are then used to adjust the parameter settings (procedure in Tchenichovski & Mitra 2001). We used samples of chick-a-dee calls recorded from 13 individuals for this parameter optimization procedure. The default settings for window size (409, 9.3 ms), bandwidth (1.5), FFT size (1024), number of tapers (2), frequency range (11,025), time warping tolerance (0.35), and equality of weightings for the four features were retained. Batch processing of the sound files provided a triangular matrix of similarity values ranging from 0-1 that we used in subsequent statistical analyses.
Statistical Analyses
General
The overall approach to statistical analysis of the D-syllables is similar for all three procedures. The first step is to obtain measures of similarity between D-syllables by each procedure and analyze these by either principal component analysis (PCA) in the case of the SFFT procedure, or principal coordinates analysis (PCoA) in the cases of the SPCC and MTSA procedures. As a result of analyzing the similarities by the appropriate multivariate technique, we obtained sets of eigenvalues that were used as variables by linear discriminant analysis (LDA) to build discriminant functions. With three groups, there are derived two (canonical) discriminant functions orthogonal to each other, and they separate the groups maximally. The eigenvalues associated with each canonical function (canonical roots or variates) place each D-syllable in the two-dimensional space and allow tests of association. For visual representation of the clustering resulting from LDA, we use plots of these individual scores for the two canonical variates.
SFFT data analyses
Rather than closely following Mammen & Nowicki (1981) , who used a nested anova model to analyze amplitude values at each frequency bin, we applied a multivariate approach to the spectral data. This approach facilitated comparison with the other two methods, and allowed us to make comparisons with fewer samples, while mitigating the potential problem of non-independence among frequency bins. All 139 samples of amplitude between 1000 and 7000 Hz for each bird were included for statistical treatment. Following transformation of the proportional amplitude values by arcsin (p) 0.5 (Sokal & Rohlf 1981) , we subjected the amplitude data from all birds to PCA of the covariance matrix using MINITAB statistical software. PCA reduced the number of variables without reducing a concordant amount of variation explained by the variables. We examined the covariance matrix rather than the correlation matrix because the former does not standardize variables and all of our variables were of the same type (i.e., arcsine transformed proportional amplitudes).
Weightings from the first five eigenvalues were applied to the data and the resulting values were found to meet the assumptions of LDA. Shepard diagrams (Legendre & Legendre 1998) indicated that the reduced space representation of the data accounted for a high fraction of the variance and retained the Euclidean relationships of the original multi-dimensional space. We used LDA to test for acoustic differences between D-syllables of the three chickadee populations and to assign individual birds to populations based upon the acoustic parameters of these syllables. We then used the first two canonical variates derived from the LDA to map calls in two dimensions for visual examination.
SPCC and MTSA data analyses
The matrices of similarity values from SPCC and MTSA were analyzed by PCoA (Legendre & Legendre 1998 ) using the R-Package software (version 4, Casgrain & Legendre 2001) and following the general approach of Cortopassi & Bradbury (2000) . First, the similarity coefficients were transformed to distance coefficients by the function: D ¼ (1 ) S) 0.5 (Legendre & Legendre 1998) . PCoA ordinates the distance values in multi-dimensional space, providing coordinate values (eigenvectors) that position the sounds in reduced space. We extracted the first five eigenvalues for both SPCC and MTSA matrices, which explained most of the variance in the data sets. Shepard diagrams (Legendre & Legendre 1998) indicated that the Euclidean representation of the principal coordinates preserved the distance relationships of the original multi-dimensional space. The five sets of eigenvectors were then examined by LDA to provide tests of differences between the three population samples of D-syllables and to map the D-syllable of each bird in two-dimensional canonical space.
Following a result of significance for all effects by WilksÕ lambda (k), we used Fisher's LSD post-hoc tests to infer statistical differences among the populations' D-syllables. Included in the LDA was the assignment of each bird's D-syllable to a statistical population in comparison to where it was actually recorded, from which we could calculate the percent of birds correctly assigned. LDA was carried out with statistica software (StatSoft 1998).
Our use of five eigenvalues in the analyses by LDA was chosen to parallel the approach of Cortopassi & Bradbury (2000) and Bradbury et al. (2001) , and because of the large amount of variance in the data set explained by five eigenvalues. It is not obvious that any particular stopping rule is generally effective in determining non-trivial eigen values derived from empirically gathered data. Determination of appropriate stopping rules was studied by Jackson (1993) whose results from an artificial data set may be useful, although it is our understanding that this research area is under revision at the present time (P. R. Peres-Neto, pers. comm.). Therefore, in addition to choosing the first five eigenvalues derived from PCA and PCoA, we performed a second analysis using alternative stopping rules as a way of exploring the robustness of our techniques. The broken stick model suggested by Jackson's (1993) analysis cannot be applied to PCA of covariance matrices. As an alternative stopping rule for the PCA results from our SFFT analysis, we examined an eigenvalue ÔscreeÕ plot (Legendre & Legendre 1998) . In accord with this stopping rule, we visually determined where the slope of the plot of eigenvalue vs. number of eigenvalues became distinctly less steep and considered all eigenvalues up to that point.
In a second examination of the data derived from SPCC and MTSA, we used the broken stick model, as recommended by Jackson (1993) . This model is a null distribution of eigenvalues generated by a single parameter -the total number of eigenvalues. Only those observed eigenvalues that exceeded the expectations of this distribution were deemed non-trivial.
Others have suggested that SPCC could produce inaccurate values when sounds being compared are substantially different in duration (Khanna et al. 1997 ; but see Cortopassi & Bradbury 2000) . Therefore a separate analysis of the D-syllables was carried out to determine if the durations of the syllables differed among the three populations. This was carried out by measuring the duration of the spectral derivatives of the syllables in sound analysis and performing anova on these measurements.
We refer to the analyses of the high-pass filtered field recordings of the D-syllables from the three populations as trial 1. Our examination of the results of trial 1 caused us to become concerned that systematic variations in background noise at the recording locations led to an overestimation of between-population differences in D-syllable properties (see below, Discussion of trial 1). Therefore, we conducted a second round of analyses on the same set of D-syllables after employing noise reduction procedures on the recordings.
Noise Reduction Procedures
Both sound analysis and canary provide adjustments for dealing with the problem of a noisy background. However, the SFFT method using MULTI-SPEECH requires an independent procedure for reducing noise in the sounds to be analyzed. We used the shareware GoldWave (v4.26; http://goldwave.com) and treated each of the 21 D-syllables with the GoldWave noise reduction procedure. This procedure involves accessing GoldWave's spectral analysis window and creating a noise reduction envelope. The noise reduction envelope is constructed by isolating a sample of the noise where the signal (D-syllable) is absent, such as just before the onset of the syllable or just following it. After isolation of the noise spectrum it can be copied to the clipboard. Choosing GoldWave's noise reduction function then subtracts the noise spectrum from the sound spectrum. An assumption is that the noise is stationary across the sound, which is reasonable for short sound segments like D-syllables. With the GoldWave noise reduction procedure we created a new set of D-syllables for re-analysis by the three methods.
Background noise can be mitigated in canary by altering the clipping level used during spectrogram preparation prior to implementing cross correlation of the sound files. By adjusting the clipping level, one can prevent canary's crosscorrelation procedure from attending to values below that amplitude. Therefore, low amplitude noise, such as from wind or other environmental sources, that is present in the original field recordings can be eliminated from the sonogram. canary provides a method for selecting a clipping level by adjusting cursors in the spectrum pane while observing the background noise in the spectrogram pane (Charif et al. 1995) . The effect of changing the clipping level can be verified by examination of spectra before and after a change. By finding the appropriate clipping level and re-calculating a new spectrogram for each sound, we therefore created an additional 21 new sound files for SPCC by this noise mitigation procedure.
sound analysis, on the other hand, conducts a fundamentally different analysis of sounds and appears to be comparatively resistant to the noise problem. Indeed, the multi-taper spectral methods used to estimate the spectral derivatives are designed to isolate and identify frequency traces from background noise . The quality of the frequency contours that are extracted can be manipulated with settings of contour contrast and contour power. Contour contrast, for example, lets the user define the power of the zero-crossings of the spectral derivatives and thus set a threshold to reject zero-crossings at sites of low power. We found that the contour representation of a D-syllable from the high-pass filtered field recordings was, to the eye, nearly indistinguishable from the contour representation after GoldWave noise reduction for many of the syllables. Briefly, then, this implies that sound analysis provides a robust evaluation of a sound that is fairly resistant to background noise, at least in comparison with the other methods we used.
Results
Trial 1: Analyses of High-Pass Filtered Field Recordings
SFFT method
The first five eigenvalues obtained with PCA explained 66% of the variance in the data. Twenty of the 139 eigenvalues were positive. No negative eigenvalue correction was made because all negative eigenvalues cumulatively accounted for <0.05% of the variance in the data set. We detected significant heterogeneity among populations from these frequency spectrum data (WilksÕ k ¼ 0.25, p ¼ 0.015). Two of the three post-hoc comparisons between pairs of populations (Fisher's LSD) revealed significant differences at the a ¼ 0.05 level (LMP vs. ML, p ¼ 0.075; LMP vs. ELC, p ¼ 0.001; ML vs. ELC, p ¼ 0.022). LDA correctly classified 16 of the 21 calls (76%). A scatter-plot of canonical variates 1 and 2 extracted by LDA revealed incomplete separation of the ML sample from the other two populations (Fig. 3a) . Re-analysis with 12 principal components, as suggested by the scree plot, still did not reveal differences between LMP and ML samples. It did, however, correctly classify 19 of 21 cases (90%). 
SPCC method
Twenty of the 21 eigenvalues obtained with PCoA were positive, and the first five explained 71% of the variance in the data set. Comparisons among populations for the first five eigenvalues indicated significant heterogeneity among populations (WilksÕ k ¼ 0.16, p ¼ 0.001). Post-hoc tests (Fisher's LSD) showed that all three populations differed from one another (LMP vs. ML, p ¼ 0.003; LMP vs. ELC, p ¼ 0.024; ML vs. ELC, p ¼ 0.014). LDA assigned all seven LMP and all seven ML birds to the correct populations, but assigned one ELC bird to LMP and another ELC bird to ML for an overall correct classification of 90.5%. A scatter-plot of the coordinate space described by canonical variates 1 and 2 extracted by LDA revealed the degree of separation and clustering of the D-syllables in the three populations (Fig. 3b) .
Re-analysis by LDA of just the first three eigenvalues, as suggested by the broken stick model, gave results parallel to those obtained with five eigenvalues, but with less resolution of clusters of similarity. There was significant heterogeneity among population samples (WilksÕ k ¼ 0.31, p ¼ 0.003), and all three populations differed significantly from one another (Fisher's LSD pairwise comparisons). LDA assignment of birds to populations was less accurate than was the finding using five eigenvalues as input (81 vs. 90.5%).
MTSA method
Thirteen of the 21 eigenvalues were positive. No negative eigenvalue correction was made because the negative eigenvalues were all small, accounting for only 5% of the variance in the data set. Further, the largest negative eigenvalue was smaller than any of the five positive eigenvalues used for the reduced-space representation (Cailliez & Page`s 1976; in Legendre & Legendre 1998) . The first five eigenvalues obtained with PCoA explained 51% of the variance in the data set. Comparisons among populations for the first five eigenvalues indicated significant heterogeneity (WilksÕ k ¼ 0.004, p < 0.001). Post-hoc comparisons between pairs of populations (Fisher's LSD) revealed that all three populations differed from one another (LMP vs. ML, p < 0.001; LMP vs. ELC, p < 0.001; ML vs. ELC, p < 0.001). LDA assigned all 21 birds to their correct populations. A scatter-plot of canonical variates 1 and 2 extracted by LDA showed complete separation of the three clusters representing the three populations of D-syllables (Fig. 3c) .
Re-analysis by LDA of the first three eigenvalues, as suggested by the broken stick model, gave results that did not differ from the analyses based upon five eigenvalues (WilksÕ k ¼ 0.006, p < 0.001; all 21 birds correctly assigned).
Duration of D-syllables analysis
Duration of the D-syllables in the three populations did not differ significantly. For the sample of 21 birds, the duration of the D-syllable ranged from 159 to 188 ms. Averages and standard errors for each population were (in ms): ELC ¼ 179 ± 10; LMP ¼ 171 ± 8; ML ¼ 176 ± 10. Statistical examination by anova revealed no differences among populations (F 2,18 ¼ 1.22, p ¼ 0.32).
Discussion of Trial 1
From these preliminary results comparing the high-pass filtered field recordings among the three population samples, we found that the data provided by MTSA from sound analysis gave the clearest separation of the three populations. As we compared and contrasted the results of the three approaches to determine strengths and weaknesses of each, we looked at individual D-syllable characteristics in some detail. We found that the principal component that achieved greatest separation of the SFFT data was heavily weighted in the 1-2-kHz range. This raised the question of whether low frequency (above our 1 kHz filtering cutoff), broadband noise was affecting our analyses. Differences in environmental noise among the populations could occur across the frequency range of the sounds of interest and mask the real extent of population differences in the signals themselves.
To test this idea, we took samples of sound from the areas between D-syllables, where there was no signal, and performed the SFFT analysis on these noise segments. Examination of the spectra confirmed the presence of noise of non-trivial amplitude. Linear discriminant analysis of the noise segments revealed significant separation of the three populations (five principal components: WilksÕ k ¼ 0.24, p ¼ 0.01). This finding led us to undertake a second round of comparisons of the three methods after treating the field-recorded D-syllables with noise mitigation procedures. Re-analysis of noise-reduced D-syllables (1) SFFT method. Following noise reduction by GoldWave, we found that five principal components explained 61% of the variance in the data set. LDA resulted in 10 of 21 cases (48%) misclassified and non-significant population heterogeneity (WilksÕ k ¼ 0.72, p ¼ 0.88). The scatter-plot of canonical variates 1 and 2 shows the extensive overlap of the three populations by this analysis method (Fig. 4a) .
(2) SPCC method. Following noise reduction by GoldWave, the first five eigenvalues from PCoA explained 53% of the variance. LDA classified 16 of 21 birds (76%) correctly and indicated marginally significant heterogeneity among the populations (WilksÕ k ¼ 0.32, p ¼ 0.05). The degree of population separation can be seen in the scatter-plot of canonical variates 1 and 2 (Fig. 4b) . A similar overall result was obtained by adjusting the clipping levels at the time of spectrogram preparation prior to performing cross-correlations. By this latter procedure, we found that the first five eigenvalues from PCoA explained 57% of the variance. Again, 16 of 21 birds (76%) were correctly classified, although of the five misclassified birds only two were the same ones misclassified from the GoldWave noise-reduced data set. For scores obtained following the clipping level adjustments, LDA produced a significant separation of the three populations (WilksÕ k ¼ 0.29, p ¼ 0.03), which was also indicated by the scatter plot of canonical variates 1 and 2 (Fig. 4c) .
(3) MTSA method. Following noise reduction by GoldWave, we found that the first five eigenvalues extracted by PCoA explained 46% of the variance in the data. LDA found significant heterogeneity among the three populations (WilksÕ k ¼ 0.03, p ¼ 0.001) with 20 of 21 (95%) birds correctly classified. A scatter-plot of canonical variates 1 and 2 indicated the degree of separation and clustering (Fig. 4d) .
General Discussion
The three methods of extracting data from complex sounds differ in important ways, and the choice of method may be influenced by the precise question being addressed in a given study. In our case of a simple comparison among three population samples, we asked if the D-syllables exhibit differences between the populations. Previous and ongoing studies of these same three populations revealed that the chickadees exhibit dialect structure in the gargle call (Baker et al. 2000) , a signal used in aggressive interactions between birds (Ficken & Weise 1984) . Therefore, one goal was to determine if there is concordant geographic variation in the chick-a-dee call, in particular in the D-syllable of that call. Although we lack independent evidence, such as from a playback study, that the D-syllables at all three sites are truly different from one another, we nonetheless had the a priori expectation of complete population separation. This expectation was based upon prior findings of acoustical differences between chickadee flocks (Mammen & Nowicki 1981) , a playback study performed on chickadee flocks separated by geographic distances comparable with our samples (Nowicki 1983) , and the demonstrated tendency for D-syllables to converge within such flocks (Nowicki 1989) .
From a consensus point of view, we found that two of the three procedures we used revealed significant differences among the populations in the D-syllable characteristics, and did so with small samples. Confidence in the result might be increased with larger samples. Taken together with our expectations from previous studies, we therefore accept the results from SPCC and MTSA as showing real population differences. We think it unlikely that the SFFT results showing no population differences give an accurate view. Any residual uncertainty in this conclusion derives from our desire to explore real data with these different methods of analysis and not use simulated sounds of prescribed differences.
The procedure we refer to as SFFT has a history of usefulness in the analysis of D-syllable properties (Mammen & Nowicki 1981) . Although we based our approach on this earlier study, as pointed out in the description of our methods there were differences in the measurements made and in the statistical analysis of the data. The population separation pattern achieved by SFFT was poor compared with that found by the other two techniques. This is perhaps unsurprising because SFFT examines only a small portion of the D-syllable, and this sample is taken from an area of the syllable that tends to be relatively stable in frequency over the time window sampled. The more marked frequency modulated traits in the beginning and ending of the D-syllable possibly could contain considerable information and it would be included in both SPCC and MTSA. Then too, some of the abrupt, non-linear, chaotic characteristics of D-syllables are found at various loci in the D-syllable, including the temporal middle area of the syllable (Fig. 5) . Whether or not the SFFT sampled the nonlinearities would make a difference in comparisons between syllables.
A strength of the SFFT approach, however, is that examination of the principal components extracted from the measurements allows one to identify which portions of the spectra are weighted most heavily in each component. Together with the amount of variance explained by a component, this provides not only a satisfying and interpretable view of the data but also could lead to important hypotheses about the communicatory significance of highly weighted variables. Such in-depth understanding is not made available by SPCC, for example.
The SPCC analysis proved somewhat better at separating the populations than did SFFT. To make the best use of SPCC, however, it is necessary first to isolate syllables as separate sound files. Once this is performed, the remainder of the process to completion of a scatterplot of the syllables in canonical space is efficiently accomplished. Given this ease of use, the procedure of SPCC-PCoA-LDA may often be the best choice. Published results on the calls of two species of parrots demonstrate the utility of an approach using SPCC in conjunction with multivariate clustering procedures (Wright 1996; Bradbury et al. 2001) .
A caveat we make here, however, is that it may often be important to perform suitable adjustments to mitigate broadband noise before making spectrograms for cross-correlation. One needs either to employ a noise reduction procedure independently, such as with GoldWave, or use canary to determine and set appropriate amplitude clipping levels. We think that there may often be a problem in making population comparisons of broadband sounds, by any of the three methods we have used, without giving attention to the variable of noise.
It seems probable that any two sampling locations (or times) could differ in noise characteristics, resulting in a Ônoise signatureÕ unique to that location. Our Here the syllable onset (a) is chaotic and rapidly frequency modulated, followed by (b) a region of emphasized frequency bands relatively stable in time in the lower half of the frequency range but revealing some suppression of amplitude in the upper half of the frequency range. This is followed by (c) an abrupt transition (bifurcation) to the latter half of the syllable characterized by regular frequency modulation of the sound data indicate that noise signatures can produce type I errors in tests of betweenpopulation heterogeneity. In general, we found that after noise reduction was applied to the D-syllables, the separation of the clusters resulting from LDA tended to decrease. The three populations were less distinct in the twodimensional canonical space. The difference in results before and after noise reduction in all three procedures suggests that there are indeed noise signatures in the recording locations. This problem often may not be overcome entirely by simply aiming for high quality recordings. After band-pass filtering to remove some of the obvious noise problems, there will still remain a reasonable probability of noise within the sound of interest. As it turns out from our brief examinations, sound analysis may be the best tool for isolating the signal of interest and making comparisons among samples.
For our purpose of establishing the extent of differentiation between the populations in the acoustic properties of the D-syllable, we conclude that the procedures of MTSA for obtaining similarity scores among the D-syllables, implemented by the sound analysis software, and the subsequent application of PCoA and LDA, provided the clearest separation of population samples.
As with canary, extraction of similarity scores by sound analysis, and their statistical description and plotting of clusters, is also efficiently accomplished. For use of MTSA on individual syllables as we employed it, however, it is also necessary to isolate the syllables in separate sound files for batch processing. Furthermore, the extra step of optimizing the sound analysis parameters extends preparation for data processing. Although not used in our study, one of the strengths of sound analysis, as a general tool for analyzing sounds, is that it permits the comparison of whole vocalizations even if they comprise several syllables of differing structures. sound analysis also provides details on which features contribute to the similarities and differences among the individual sounds being compared. We did not explore this more ambitious direction in the present report. The features analyzed by sound analysis are logically related to the biophysics of sound production by the songbird syrinx Ho et al. 1998 ). This set of features readily addresses some of the non-linear characteristics we find in D-syllables (Fig. 5) , characteristics that others have pointed out to be widespread in animal vocalizations (Wilden et al. 1998; Fitch et al. 2002) . Several useful studies of bird vocalizations have been accomplished with this software (Tchernichovski et al. 1999 Baker et al., in press ).
Instead of the complex broadband sounds like the D-syllables analyzed here, many bird songs comprise pure tone (whistle-like) sounds, which are often frequency-modulated to differing degrees. SPCC analyses have been used on such tonal sounds in studies of song degradation (Fotheringham & Ratcliffe 1995) , development (Podos et al. 1995) , neighbor song matching (Baker 1993) , between species comparison (Baker 1995) , and to distinguish and classify different types of notes within a vocal type (Nowicki & Nelson 1990) . The SFFT method of analysis is seldom relevant to these sounds, and sound analysis has yet to be employed in a published study of pure-tone vocalizations that would allow us to comment on its utility relative to SPCC.
One frequently cited difficulty that SPCC has with pure-tone sounds is that two syllables that, for example, have an identical shape in a frequency-time spectrogram but are offset on the frequency axis, will yield a lowered crosscorrelation value depending on the degree of offset (Charif et al. 1995) . A second problem is that if two signals being compared are composed of identical subunits but the times between the subunits differ for the two signals, SPCC will again provide a lowered cross-correlation value (Cortopassi & Bradbury 2000) . For the latter reason it has been suggested that comparisons by SPCC be made on isolated syllables, and in this case SPCC gives a good overall view of similarity (Cortopassi & Bradbury 2000) . Setting aside the question of whether sounds that differ only by offset on the frequency axis or by the intervals between components matter to the birds, an investigator may wish to discount those differences and emphasize other features on which two sounds differ. From our limited experience, such an approach may be possible with sound analysis by adjusting the analysis parameters and extracting individual feature values to determine the ways in which the two sounds are similar or different.
In conclusion, our goal was to apply three different techniques of acoustic comparison in addressing a simple question of micro-geographic variation in a complex broadband sound. We used these procedures in a more or less Ôoff the shelf Õ approach to see how easy they were to employ and how they compared in providing a description of the spatial variation of the sounds. In the manner that we used these data extraction and statistical description techniques, sound analysis (MTSA) similarity values analyzed by principal coordinate and linear discriminant analyses provided the clearest spatial separation of the three samples of D-syllables. canary SPCC, with the same statistical follow-up as in MTSA, was next in separation of the populations, and the SFFT with principal component and LDAs provided the least power to discriminate groups. Nevertheless, all three approaches are valuable in different ways, and investigators should choose their analysis tools on the basis of the study and the sounds that they will analyze.
